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Sentiment classification on weibo recently attracted research community the widespread
attention. Most previous works focused on weibo comments about movies or products. In contrast, our study
aims at the hot events on weibo. Comments of the events are considered either positive or negative on
behalf of the user’ s attitude to these events. Classification of user attitude helps to identify the opinions of
the general public. In this paper, we put forward an innovative method based on convolution neural network,
termed as CNN - SVM, to classify the comment. In addition, according to the forwarding behavior of users,
we put forward a new data structure, repost tree for dealing with ambiguity in the comments. Extensive
experiments demonstrated that the CNN-SVM method effectively improved the accuracy of events
sentiment classification. The new data structure showed to be effective on steering the classification results
towards real world sentiment tendency.

Keywords: Sentiment classification, CNN-SVM, repost tree
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